Conserving Energy Through Fuel Poverty Mapping in Worcester, MA by Amendolare, Nicholas D.
Worcester Polytechnic Institute
Digital WPI
Major Qualifying Projects (All Years) Major Qualifying Projects
April 2009
Conserving Energy Through Fuel Poverty
Mapping in Worcester, MA
Nicholas D. Amendolare
Worcester Polytechnic Institute
Follow this and additional works at: https://digitalcommons.wpi.edu/mqp-all
This Unrestricted is brought to you for free and open access by the Major Qualifying Projects at Digital WPI. It has been accepted for inclusion in
Major Qualifying Projects (All Years) by an authorized administrator of Digital WPI. For more information, please contact digitalwpi@wpi.edu.
Repository Citation
Amendolare, N. D. (2009). Conserving Energy Through Fuel Poverty Mapping in Worcester, MA. Retrieved from
https://digitalcommons.wpi.edu/mqp-all/2106
  
Conserving Energy Through 
Fuel Poverty Mapping 























A Major Qualifying Project submitted to the faculty of 
WORCESTER POLYTECHNIC INSTITUTE 
in partial fulfillment of the requirements for the 
Degree of Bachelor of Arts 
 
by Nicholas Amendolare 





This report represents the work of one or more WPI undergraduate students submitted to the faculty as evidence of completion 




 The goal of the project was to develop a simple yet rigorous method for mapping Fuel 
Poverty across a city or region. By using proxy indicators from the U.S. census, we were able to 
create a Multivariate Gaussian Model capable of predicting Fuel Poverty. The model was trained 
with data from the 167 block groups in Worcester MA and could, in general, predict Fuel 
Poverty fairly accurately. However, further research is needed to better evaluate the model‟s 
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 In February 2009, the 111
th
 U.S. Congress passed the American Recovery and 
Reinvestment Act (ARRA), in an effort to lift our economy out of what Wisconsin Congressman 
David Obey called, “A crisis not seen since the Great Depression” (Obey, 2009). In addition to 
investing funds in alternative energy sources like wind power, the bill also invested over $22 
billion in the weatherization and retrofitting of buildings. Meanwhile, in the Northeast, the issue 
of Fuel Poverty has been a growing concern. And although some government programs already 
exist to provide fuel assistance to the poor, most focus on increasing fuel supply rather than 
reducing demand. In light on these issues, we sought to develop a tool that policymakers could 
use to combat Fuel Poverty, while also conserving energy and reducing carbon emissions. By 
designing programs that attack highest-need areas first, rather than simply being “first come, first 
served,” policymakers could most efficiently use their resources to tackle these issues. 
Methodology 
 In order to develop our model, it was necessary that we identify a variable as an accurate 
indicator of Fuel Poverty (our truth data) as well as several proxy indicators that would be highly 
correlated with Fuel Poverty. For our truth data we selected The Percentage of Households 
Receiving LIHEAP Assistance and for our proxy indicators we selected Household Income, Age 
of Housing, Housing Tenure, Occupants Per Room, and Value of Housing. From these six 
variables a Multivariate Gaussian Model was used to produce an equation that could predict the 
incidence of Fuel Poverty across a city. The results that this equation produced were then 
mapped. By comparing the results that the equation produced to our truth data we were able to 
analyze our model‟s effectiveness. 
Findings 
Data provided by LIHEAP and 2000 U.S. census data for Worcester, MA, was used to 
train and optimize our model. The following equation was produced (rounded to two decimal 
places for the purpose of display): 
Fuel Poverty Likelihood = 16.98 + 5.23×10-5 (Income - μ) 
+ 0.22 (House Age - μ) + 5.90×10-3 (Percent Renters - μ) 
+ 2.60 (Occupants/Room- μ) – 5.92×10-5 (House Value – μ) 
The equation takes the average incidence of Fuel Poverty in Worcester, MA, and adjusts it for 
each city block group based on values for the five proxy indicators that have been weighted to 
reflect each proxy’s strength, uniqueness, and units. The result is each block group‟s 
predicted incidence of Fuel Poverty. These results were then mapped for each of the 167 block 
groups across the city of Worcester (see second map on next page). Our truth data was also 




In general, we found our method to be effective in mapping Fuel Poverty across the city 
of Worcester. However, there were several limitations to our findings, and further work will be 
needed to develop our method into a tool that can be used by policymakers to guide the creation 
and expansion of fuel assistance programs. These limitations included: 
1) Weak Proxy Correlations 
2) Limited Data Set for Model Training 
3) LIHEAP Distribution Not a True Measure of Fuel Poverty 
4) Age of Census Data 
In order to improve our model‟s accuracy, we believe our method should be further refined. By 
increasing the number of proxy indicators, expanding model training to include larger data sets, 
and thoroughly analyzing the model‟s effectiveness, we believe our method‟s accuracy could be 
vastly improved. 
Given the country‟s economic state and the current environmental movement, Fuel 
Poverty is likely to become an even larger issue. Fuel assistance programs will soon be expanded 
and redeveloped all over the country, and in order for these programs to best succeed we believe 
a demand-side-focused, need-based approach is needed. But in order for this approach to be 
taken, policymakers must have a tool for determining these highest-need areas. With further 
research and development, we believe our method could provide policymakers with exactly that 
type of knowledge. We hope that our research can therefore play a small part in achieving our 
nation‟s goals of conserving energy, reducing carbon emissions, and leading our youth toward a 
cleaner, greener, brighter future.  
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 In February 2009, the 111
th
 U.S. Congress passed the American Recovery and 
Reinvestment Act (ARRA), in an effort to lift our economy out of what Wisconsin Congressman 
David Obey called, “A crisis not seen since the Great Depression” (Obey, 2009). Along with 
providing middle-class tax cuts, expanding unemployment benefits, and increasing domestic 
spending, the act also proposed significant changes to the nation‟s energy policy. The act 
invested almost $50 billion in green projects that shared a common goal: repowering America. 
 This was by no means a new or revolutionary idea. For several years Al Gore had 
championed “repowering America” as a simultaneous solution to the climate crisis and our 
nation‟s economic woes. As Gore put it in a January 2009 speech to the Senate Foreign Relations 
Committee, “We're borrowing money from China to buy oil from the Persian Gulf to burn it in 
ways that destroy the planet. Every bit of that's got to change” (Gore, 2009). To this end, the 
ARRA included numerous programs that aimed to repower America, including investments in 
solar and wind power, funds for the development of electric cars, and funds for the development 
of carbon-capture technology, to name a few. But, the ARRA also included several programs 
with a much different goal, a goal that while not flashy, or new, or deemed buzzworthy by the 
media, was still vital: energy conservation. 
 In a March 2009, article in National Geographic, author Peter Miller stated, “We already 
know the fastest, least expensive way to slow climate change: Use less energy… So what‟s 
holding us back?” (National Geographic, 2009). The answer, according to Miller was the 
American lifestyle, a lifestyle spoiled by energy-rich fossil fuels. A lifestyle that while 
undeniably pleasurable in the short-term may lead us to disastrous long-term consequences. But 
for some (or most) the honeymoon may be over. In July 2008, oil prices jumped to over $147 per 
barrel, a record high, almost a 500% increase from 2000-2004 average prices (BBC, 2008). And, 
although prices dropped in 2009, economists are already warning of “the „risk of a second oil-
price shock‟ once the economy recovers and demand for liquid fuels surges” (New York Times, 
2009). All of this, coupled with the highest unemployment rate (8.1%) since 1983, and the 
longest recession since the Great Depression, could mean excessive hardship, especially for 
those already in poverty (San Francisco Chronicle, 2009). 
 Meanwhile, in the Northeast, there has been growing concern over whether the poor will 
be able to heat their homes in winter. At a June 2008 congressional hearing, Massachusetts 
Senator John Kerry warned of the specter of a “snowy Katrina” (Kerry, 2008). Considering the 
economic decline that has perpetuated since, it is clear that this could soon become a reality. But, 
as Al Gore conjectured, the solutions to the climate crisis and our economic woes may be linked, 
particularly in this case. Although a few government programs already exist to provide fuel 
assistance to the poor, most of them are inefficient, “first come, first served” programs, focused 
on increasing fuel supply, rather than lessening demand. 
  
 The goal of our project was to design a simple yet rigorous method for mapping Fuel 
Poverty across a city or region. Through the use of proxy indicators already present in U.S. 
census data, a Multivariate Gaussian model was developed to achieve this goal. In light of the 
current green movement and the passing of the ARRA, we believe that developing smart and 
efficient energy conservation methods will be vital. By designing programs that attack high-need 
areas first, policymakers can most efficiently use their resources to tackle the issue of Fuel 
Poverty. We hope that our method will provide a starting point for steps toward widespread 
energy conservation, in Massachusetts and beyond.  
  
BACKGROUND 
 These days everyone, it seems, is talking about going green. Politicians are talking about 
it. Celebrities are talking about it. Even Republican celebrity/politicians (Arnold 
Schwarzenegger) are talking about it. But in 2009, the greening of the U.S. economy is 
beginning to affect the everyman as well. Troy Galloway, a former Pennsylvania steelworker, 
knows firsthand: 
“The worst day of my life was when I got that pink slip. I expected to work in 
the steel mill until the day I retired, and then suddenly my job and my 
livelihood were gone. Then in 2006 a wind turbine company opened two 
plants near my home in Hollsopple, Pennsylvania. Today, I build the blades 
for wind turbines that are powering parts of America with clean electricity. 
A clean energy job saved my family and me, and many more in my 
community” (Repower America, 2009). 
In Troy‟s case the greening of the U.S. economy was more than political rhetoric, it was a saving 
grace. Some politicians have championed it as a solution to both the environmental crisis and the 
nation‟s economic woes. And, with their work on national, state, and local levels, it is fast 
becoming a reality. 
What is Fuel Poverty? 
 In a March 2009 article in National Geographic author Peter Miller stated, “We already 
know the fastest, least expensive way to slow climate change: Use less energy. With a little 
effort, and not much money, most of us could reduce our energy diets by 25 percent or more – 
doing the earth a favor while also helping our pocketbooks. So what‟s holding us back?” 
(National Geographic, 2009). Miller‟s answer was a refusal to change the American lifestyle. 
Experts like Miller, agree that energy conservation must be a key part of any new energy policy, 
that reducing demand is as important as increasing cleaner, greener supply. 
 When home-heating becomes a financial burden, especially given the nation‟s current 
economic state, energy efficiency is more than just a solution to fossil fuel dependence it is a 
matter of life and death. For average individuals, 18.8% of their yearly energy requirements go 
toward space heating (Gardner and Stern, 2008). When the heating bills of poor families rise, 
studies show they also reduce their spending on food by the same amount (Citizen‟s Energy, 
2009). Given this fact, it is no surprise that cases of undernourished children in northern states 
increase by about one third in winter months. In addition, the poor also tend to live in older, less-
efficient housing stock and are therefore, more likely to struggle to heat their homes. 
 To describe the condition of those who were burdened by home-heating costs, Dr. Brenda 
Boardman coined the phrase “Fuel Poverty.” Boardman defined Fuel Poverty as an affliction 
  
pertaining to as any household that must spend more than 10% of their income to heat their home 
to adequate warmth (Boardman, 1991). Adequate warmth is defined by the World Health 
Organization as being 21°C (about 70°F) in the main living room and 18°C (about 64.5°F) in 
other daytime occupied rooms. However, a 2005 national assessment of U.S. fuel assistance 
programs defined “high home energy burden” as heating costs that exceed 4.3% of household 
income for low-income households and “moderate home energy burden” as heating costs that 
exceed 2.6% of household income for low income households (APPRISE, 2005). While these 
percentages do differ greatly, researchers must consider that Fuel Poverty, and all forms of 
poverty, occurs in degrees. How to define the terms is a question for the researcher. 
 In reality, Boardman‟s definition (which is based on an income-vs.-expenditure analysis) 
has several theoretical and practical limitations. First, as many researchers have noted, the 
definition does not differentiate income from expendable income (Clinch and Healy, 2003). 
Second, the traditional 10% cutoff seems to have been assigned somewhat arbitrarily. Third, 
studies using this definition to quantify Fuel Poverty in the United Kingdom have discovered that 
their findings are relatively inconsistent with traditional measures of deprivation, leading some 
researchers to question its accuracy (Clinch and Healy, 2003). Lastly, because data on household 
fuel expenditure is tracked only by fuel companies and is usually not publically available, 
widespread analysis without the use of surveys is usually not possible. 
 In response to these concerns, some researchers have offered other definitions. Although 
Boardman‟s definition is based on an Income vs. Expenditure analysis, some researchers offer 
first a more simple definition of Fuel Poverty: a condition where one cannot afford to heat one‟s 
household adequately (Baker, Gordon, and Starling, 2003). In this vein, the National Right to 
Fuel Campaign (NRFC) defined Fuel Poverty in the following way: 
“The term „Fuel Poverty‟ describes the interaction between low income, poor 
access to energy services, poorly insulated housing and inefficient heating 
systems. While Fuel Poverty, low income households, and housing energy 
efficiency are all closely related, there are clear distinctions between them” 
(NRFC, 2000). 
As the NRFC explains, lack of income, poor access to energy services and inefficient housing 
are all cause of Fuel Poverty, not the definition of Fuel Poverty. This is an important distinction 
for researchers like Baker, Starling, and Gordon. According to these researchers, “The only truly 
accurate method of obtaining Fuel Poverty data at small area level is to conduct a representative 
survey… This would prove expensive to achieve on an extensive scale” (Baker, Starling, 
Gordon, 2003). 
 In order to alleviate Fuel Poverty, one must first identify the affected households. This 
can prove very difficult. But, the cost of direct survey and/or measurement across a city or region 
would be enormous. And, performing an Income vs. Expenditure analysis, aside from the 
aforementioned limitations, can be nearly impossible, as information on fuel expendituresis  not 
  
usually available to the public. However, these challengers are not new to researchers. Pundits of 
Fuel Poverty and general poverty alike have been confronted with the problem of firstly, 
defining what poverty is, and secondly, trying to find ways to measure it. 
 A 1995 report by the National Research Council set out to identify a new approach to 
measuring general poverty. In the report several limitations of traditional poverty measures were 
identified, including considerations of family size, geographic location, tax burden, and absolute 
vs. relative poverty thresholds. For each of these considerations there is continued debate on how 
they should be incorporated into poverty measurement and analysis. Additionally, the very 
practice of using scientific means to measure a variable like poverty is troublesome. “Science 
alone cannot determine if a person is or is not poor. Thus, there is no scientific basis on which 
one might unequivocally accept or reject a budget-based, or a purely relative, or a subjective 
concept for officially developing a poverty measure. Each has some merit and each has 
limitations” (National Research Council, 1995). 
Fuel Assistance in Massachusetts and the U.S. 
In the wake of the 1979 OPEC energy crisis, a national fuel assistance program was 
established in 1981. The mission of this program, named the Low Income Home Energy 
Assistance Program (LIHEAP), was “to assist low income households, particularly those with 
the lowest incomes that pay a high proportion of household income for home energy, primarily 
in meeting their immediate home energy needs” (U.S. DHHS, 2009). The program sets aside a 
block of federal funds each year, about $4.5 billion in 2009, to be used to provide one-time home 
heating (or cooling) assistance to low income households. The distribution of these funds is left 
up to the individual states, and many states have also set aside additional funds to expand their 
LIHEAP programs. 
Massachusetts uses state and federal funds for its fuel assistance program, providing 
about $130 million to households in 2007 (MA DHCD, 2008). Massachusetts has also expanded 
its program to include a larger range of what households are considered “low income.” 
Nationally, it is required that households have an income that is less than 125% of federal 
poverty level and less than 60% of the state median income. In Massachusetts, households must 
have an income less than 200% of federal poverty level and less than 60% of the state median 
income. In 2008, federal poverty level for a family of four was defined as a yearly income of 
$21,200 (U.S. DHHS). Of the 2.7 million households in Massachusetts, 141,000 participated in 
the MA LIHEAP program in 2007, receiving an average benefit of $738 (MA DHCD, 2008). 
 An additional program managed by the Citizen‟s Energy Corporation, commonly referred 
to as “Joe for Oil,” also provides fuel assistance to residents in Massachusetts and 16 other states. 
According to their website, the Citizen‟s Energy program exists because: 
“In states like Massachusetts, heating oil prices have increased considerably 
since 2000, yet the wages for low-income families and individuals have 
  
remained stagnant. The federal government provides some help to low-
income families… but this assistance reaches only about one in five eligible 
families… When the heating bills of poor families rise, studies show they 
often reduce their spending on food by about the same amount, and it is no 
surprise that cases of undernourished children increase by about one-third 
during winter months” (Citizen‟s Energy, 2009). 
The program, established in 1979, now offers a one-time delivery of 100 gallons of home heating 
oil to eligible families. In 2008, the program provided fuel assistance for approximately 200,000 
households and 325 homeless shelters. 
In addition to supply-side focused programs like LIHEAP, several states have started 
programs that aim to reduce demand in low-income households. Massachusetts founded the 
Home Energy Assistance Retrofit Task Weatherization Assistance Program (HEARTWAP) and 
the Weatherization Assistance Program (WAP) in 1999 (MA DHCD, 2008). The goal was to 
reduce the demand for energy (specifically fuel for home heating) in low-income homes. 
According to the MA Department of Housing and Community Development, “The 
Weatherization Assistance Program helps low-income households reduce their heating bills by 
providing full-scale home energy conservation services.” Any house eligible for LIHEAP is 
eligible for the HEARTWAP and WAP program. 
Typical HEARTWAP jobs include furnace and boiler tune-ups, heating system repair, 
and replacement of old, inefficient systems. Typical WAP modifications include air sealing to 
reduce infiltration, attic insulation, sidewall insulation, floor insulation, and pipe and/or duct 
insulation. Local licensed contractors are paid to complete the work at no cost to residents, and 
all work is inspected by WAP affiliated agencies to ensure that it was completed in a satisfactory 
manner. HEARTWAP heating system repairs usually cost $100 to $300 while total system 
replacements can cost anywhere from $2000 to $3000. WAP weatherization jobs range from 
$200 to $4,600, with an average of $2,070 being spent per job. No contributions from residents 
are necessary (MA DHCD, 2008). 
Although WAP and LIHEAP have received praise from politicians and residents alike, 
both programs have limitations. Firstly, the weatherization programs are very limited in scope. In 
2007, only 2,401 households were able to participate in the WAP. This was about 1.7% of the 
total households eligible for fuel assistance (U.S. DOE, 2009). With the trends of rising fuel 
costs and the potential expansion of LIHEAP eligibility, it is clear that demand-side focused 
programs currently sit second chair to supply-side programs. However, one issue is that current 
programs are “first come, first served” (among those eligible) rather than need-based. This 
means that, because of the limited number of weatherization jobs and because of a lack of 
education about programs, many of the neediest houses have been ignored. And, although fuel 
assistance programs across the state make significant efforts to educate the public and allocate 
their funds effectively, there are still challenges. “Education of programs available statewide is 
the toughest thing,” says Mark Sanborn, Energy Director at the Worcester Community Action 
Council, “Some elders and needy just do not want to think they are taking handouts.” 
  
Additionally, there have been problems finding contractors willing to do work for WAP. 
This has mostly been attributed to a surplus of weatherization work from MA residents of all 
incomes, and a relative lack of contractors. Some contractors are hesitant to work with WAP 
affiliated agencies because of the stringent inspections that their work is later subjected to. 
According to Mr. Sanborn, there is simply little incentive for contractors to take on WAP 
weatherization work when there is a surplus of other work available, work that will never be 
inspected. 
The Greening of the U.S. Economy 
 In 2008, the economy of the United States, and much of the world, went into a deep 
recession. Contributing factors included high oil prices, high food prices, and the collapse of the 
U.S. housing market, all of which were related to an ongoing financial crisis (Forbes, 2009). For 
the most part, politicians have told us that this will be a long recession without an easy fix. 
However, some politicians, like Al Gore, have championed “repowering America” and the 
greening of the U.S. economy as a solution to the downturn (Gore, 2009). 
 In response to this call, there have been several government initiatives that have 
promoted the greening of the U.S. economy. On February 17
th
, 2009, the 111
th
 United States 
Congress enacted, and President Barack Obama signed into law, the American Recovery and 
Reinvestment Act (ARRA). The act was intended to stimulate the U.S. economy through 
providing tax cuts, expanding unemployment benefits, and encouraging domestic spending in 
education, health care, and infrastructure (particularly in the energy sector). The bill sought to lift 
our economy and our country out of what Wisconsin Congressman Dave Obey calls, “A crisis 
not seen since the Great Depression” (Obey, 2009). 
 The ARRA takes a significant step toward greening the U.S. economy, investing over 
$50 billion in various domestic programs that share a common goal: increasing America‟s 
energy independence. Particularly relevant to this project is the $16 billion to be invested in 
making energy retrofits to public buildings and the $6 billion to be invested in weatherizing 
modest-income homes (111
th
 U.S. Congress, 2009). Each state will spend this money within the 
guidelines of the ARRA, however much of the specifics will be up to each state‟s discretion. 
 The breakdown for the spending of funds set aside for improving building efficiency is as 
follows (U.S. Congress Committee On Appropriations, 2009): 
 “GSA Federal Buildings: $6.7 billion for renovations and repairs to federal buildings 
including at least $6 billion focused on increasing energy efficiency and conservation. 
Projects are selected based on GSA‟s ready-to-go priority list.” 
 “Energy Efficiency Housing Retrofits: $2.5 billion for a new program to upgrade HUD 
sponsored low-income housing to increase energy efficiency, including new insulation, 
windows, and furnaces. Funds will be competitively awarded.” 
  
 “Energy Efficiency Grants and Loans for Institutions: $1.5 billion for energy 
sustainability and efficiency grants and loans to help school districts, institutes of higher 
education, local governments, and municipal utilities implement projects that will make 
them more energy efficient.” 
 “Home Weatherization: $6.2 billion to help low-income families reduce their energy 
costs by weatherizing their homes and make our country more energy efficient.” 
Additionally there are several sections of the bill whose funding could be used to improve 
building efficiency, i.e. “Local Government Energy Efficiency Block Grants: $6.9 billion to 
help state and local governments make investments that make them more energy efficient and 
reduce carbon emissions” (U.S. Congress Committee On Appropriations, 2009). 
 Although the primary goal of the ARRA was said to be the creating of jobs, particularly 
those involved in creating clean, efficient American energy, a secondary goal of “strengthening 
the ability of this economy to become more efficient and produce more opportunities for 
employment” (Obey, 2009). Simply put, the investment in increasing America‟s energy 
independence is being viewed as a triple-edged sword, creating new jobs in the short term while 
also preserving America‟s energy future and the health of the planet in the long term. According 
to President Barack Obama, “We have the opportunity now to create jobs all across this country, 
in all 50 states to repower America, to redesign how we use energy, to think about how we are 
increasing efficiency, to make our economy stronger, make us more safe, reduce our dependence 
on foreign oil, and make us competitive for decades to come, even as we're saving the planet" 
(Obama, 2009). 
 Because of the ARRA, the 2005 Energy Policy Act, and other legislation, there has 
recently been significant investment in green technology. Venture capital investment in green 
technology grew by 41%, to almost $1 billion in the second quarter of 2008. According to a 
Seattle Times interview with John Muscat, Ernst & Young's Americas director of cleantech and 
venture capital: 
“Energy companies in a variety of subsectors, including utilities and 
transportation fuels, have traditionally put a smaller percentage of earnings 
into research and development than other industries. But that trend is 
starting to change as firms recognize the potential value of technological 
innovation. The cleantech industry is seeing innovation across the spectrum 
in solar, alternative fuels, biofuel enzymes, energy storage and wind” 
(Seattle Times, 2008). 
And according to experts, the investments cover a wide range of new technologies, from biofuels 
and other alternative energy technology, to simple energy conservation measures. “It's not all 
photovoltaics, wind or biofuels that are attracting investments either,” said Kevin Landis, 
manager of Firsthand Funds‟ Alternative Energy Fund, “Building automation, advanced lighting 
and improved insulation are the here and now technology” (Seattle Times, 2008). 
  
Through the ARRA and other measures, the government is hoping to simultaneously 
solve two of our nation‟s biggest problems: a devastated natural environment and a failing 
economy. Leading politicians, environmentalists, and economists seem to agree. By shifting the 
nation‟s economy away from its current fossil-fuel powered incarnation, toward a cleaner, 
greener economy, the U.S. and the world can simultaneously create jobs, cut energy prices, and 
pull our nation out of its present downward spiral. 
Massachusetts Takes the Lead? 
 Recently, in 2007, Massachusetts passed the Green Communities Act (GCA), which 
introduced a comprehensive energy policy and included a number of programs and incentives 
designed to encourage the development and use of renewable energy and encourage 
improvements in energy efficiency. According to Massachusetts House Speaker Salvatore 
DiMasi, the bill, "puts Massachusetts in the lead nationally in crafting bold, comprehensive 
energy reform." 
More specifically, the GCA established several “Commonwealth Energy Goals” for the state 
of Massachusetts. These goals include the following (State of MA, 2007): 
 “Meet at least 25 percent of the Commonwealth‟s electric load, including both capacity 
and energy, by the year 2020 with clean, demand side resources.” 
 “Meet at least 20 percent of the Commonwealth‟s electric load by the year 2020 through 
new, renewable generation.” 
 “Reduce the use of fossil fuel in buildings by 10 percent from 2007 levels by the year 
2020 through the increased efficiency of both equipment and the building envelope.” 
 “Reduce greenhouse gas emissions by 20 percent from 1990 levels by the year 2020.” 
 Develop a plan to reduce total energy consumption in the Commonwealth by at least 10 
percent by 2017 through the development and implementation of the Green Communities 
Program that utilizes renewable energy, demand reduction, conservation and energy 
efficiency. 
In addition to establishing these goals, the GCA has also outlined several steps that are 
to be taken to accomplish these goals. These include the establishment of the aforementioned 
Green Communities Program, requiring energy companies to invest in cost-effective renewable 
energy sources, and the establishment of the Department of Clean Energy, among other 
measures. Of particular interest to this project was the GCA‟s requiring that the Secretary of 
Energy and Environmental Affairs, “Provide at least $5 million in low interest loans for 
residential homeowners seeking to make energy efficient home improvements” (State of MA, 
2007). 
The Act was generally well-received by Massachusetts residents and lawmakers alike. 
Ian Bowles, Secretary of Energy and Environmental Affairs for Massachusetts, stated, "This 
  
legislation will help businesses and residential consumers fight rising energy costs, reap the 
benefits of renewable energy and grow our clean energy industry." And though it is encouraging 
that the GCA now seems predictive of the United States‟ new energy policies, specifically 
related to the American Recovery and Reinvestment Act of 2009, it is notable that the GCA 
focuses on both reducing consumption and increasing supply about equally. 
In general, the GCA approaches its goals from two angles: a) creating a favorable 
economic environment to encourage the desired changes, and b) mandating that the desired 
changes are made, particularly for industry. The first method seems to be most often directed 
toward residents and municipalities, while the second method seems to be most often directed 
toward large businesses and industries. For example, a $2,000 tax break is being offered to 
individuals who purchase a hybrid or alternative fuel vehicle (method A) and the state is also 
requiring that energy companies derive a percentage of their energy to be sold from alternative 
sources (method B). 
In 2008, Massachusetts took another step forward when it passed the Global Warming 
Solutions Act, which set nation-leading limits on greenhouse gas emissions, and the Green Jobs 
Act, which was designed to spur the growth of the clean energy industry. Governor Deval 
Patrick‟s comments on the bills, citing their dual economic and environmental purpose, echoed 
the messages of Al Gore and others: “This legislation builds on the energy, oceans, and biofuels 
bills passed this session – all positioning Massachusetts as the clear national leader in creating a 
clean energy economy. Massachusetts will lead the way in reducing the emissions that threaten 
the planet with climate change, and at the same time stimulate development of the technologies 
and the companies that will move us into the clean energy age of the future” (Patrick, 2008). 
The Green Jobs Act will help promote growth in the clean energy industry. The act will 
provide $68 million in funding over the next five years, including $5 million for research in 
renewable energy technologies, $1 million each for seed grants to companies, universities, and 
non-profits, large workforce development grants to promote the green economy, and low income 
job training. In addition to helping shift the state economy, the act will also help lower long-term 
greenhouse gas emissions, by making clean energy technologies more available. 
The Global Warming Solutions Act requires that the state lower its greenhouse gas 
emissions to 75% of 1990 levels by the year 2020 and to 20% of 1990 levels by 2050. The 
gradual reduction of levels should help spur investment and innovation in clean energy 
technologies, according to the state. In conjunction with the development of the green economy, 
through the Green Jobs Act, Massachusetts should become a leader in clean energy technologies, 
through research and development, entrepreneurship, and workforce development. 
Given the recent legislation, it is no surprise that Massachusetts has plans to expand its 
demand-side focused fuel assistance programs. The state sees energy efficiency improvements as 
a way to simultaneously conserve energy, reduce emissions, and stimulate the economy. 
However, given the limitations of “first come, first served” assistance programs, efficient 
  
expansion of these programs could be difficult. A knowledge of which areas are in the most need 
of weatherization, on state and local levels, would be an important first step in reducing energy 
consumption and maximizing the benefits of the ARRA. 
Predicting Fuel Poverty 
In 2003, the British researchers Baker, Starling, and Gordon set out to develop a system 
of mapping Fuel Poverty across a region. Because of the difficulties surrounding the 
measurement of Fuel Poverty (particularly those associated with income vs. expenditure 
analysis) the researchers attempted to investigate proxy indicators of Fuel Poverty. Proxy 
indicators, in this case, are simply variables which may be highly correlated with the incidence 
of Fuel Poverty. By identifying proxy indicators for which public data was available (in a 
country‟s national census, for example) the researchers hypothesized that Fuel Poverty could be 
predicted accurately, over a large area, without the use of surveys. Based on their research they 
were able to define several proxy indicators for Fuel Poverty. 
 The first proxy indicator the researcher defined was that of “prepayment meters” for 
households‟ electrical bills. In England, “prepayment meters” is a program often used by the 
poor, by which customers can pay their electric companies ahead of time and budget their 
electricity use accordingly. However, prepayment meters are not widely used in the U.S. The 
second proxy indicator that the researchers developed was that of “excess winter deaths” (deaths 
in a region resulting from cold conditions). Because “excess winter deaths” are related to low 
indoor temperatures and poor thermal efficiency in houses, it was thought that this might be a 
good proxy for indicating Fuel Poverty (Wilkinson et al, 2002). However, because there seemed 
to be no correlation between socio-economic status and winter deaths, it was decided that 
“excess winter deaths” would be a poor Fuel Poverty indicator. The third and forth proxies that 
the researches explored came from UK census survey questions. These were “lack of central 
heating” and “under occupation.” However, neither of these questions were present in the U.S. 
census. 
 In researching U.S. census data, other probable proxy indicators for Fuel Poverty were 
identified. To be considered, a proxy must be believed to have a significant direct correlation 
with Fuel Poverty and be a part of the United States Census (surveyed at the block group level). 
These included: 
1) Income – Research suggest that those living below or close to the poverty threshold are 
much more likely to be affected by Fuel Poverty (Baker, Gordon, Starling, 2003). 
2) Age of Housing – Research suggest that those living in older housing stock are more 
likely to be affected by Fuel Poverty (Clinch and Healy, 2003). 
3) Housing Tenure – It is expected that renter-occupied housing are less-likely to have had 
energy-saving renovations (because landlords often have little incentive to invest in 
  
renovations that will only lower the renter‟s energy costs) and therefore be more likely to 
be affected by Fuel Poverty (Healy, 2004). 
Additionally, the authors identified several additional proxies which they believe may be directly 
correlated with Fuel Poverty. These included: 
4) Occupants Per Room – Households with a lower number of occupants per room are 
expected to spend more on home-heating, and therefore be more likely to be affected by 
Fuel Poverty. 
5) Value of Housing – Households with a lower value are expected to have a higher 
correlation with Fuel Poverty for a variety of reasons (i.e. no recent renovations). 
Because of the limited work that has been done to map Fuel Poverty, and because of differences 
in American and British census data, it became clear that in addition to a novel method be 
created for assessing Fuel Poverty in America. It was clear that, in addition to finding new proxy 
indicators, a new method would be needed to analyze each proxy‟s strength (correlation with 
fuel poverty) and uniqueness (lack of correlation with other proxies). 
Using a Multivariate Gaussian Model 
 Covariance is defined as “a measure of the strength of the correlation between two or 
more sets of random variates” (Mathworld, 2009). This concept, which might colloquially be 
refferred to as correlation (in fact, correlation is a unique type of covariance in which the 
relationship is linear), is in essence the degree to which two variables change together. In the 
case of two variables, X and Y, that share a correlation of 1.0, in the event that Y changes, X 
must also changed in the exact same way. The converse is also true; if X changes, so must Y, and 
if the variables share a correlation of -1.0, then Y must change in the exact opposite way. 
 To predict any variable using proxy indicators, a covariance matrix can be used. 
Accepting a given data set as true, one can evaluate the strength and uniqueness of the 
covariance of proxy indicators, and then use those proxy indicators to predict data in another set. 
However, there are some limitations to this method. First, one must assume a certain distribution 
of data for the truth data and the proxy indicators (generally a normal, Gaussian distribution is 
assumed); this distribution is rarely, if ever, entirely accurate, but accurate models can be 
developed nonetheless. Additionally, any model developed will be at the mercy of its truth data 
set. If that data is unreliable, or not consistant with other data sets on which the model be used, 
the model‟s accuracy will suffer. Lastly, the accuracy of the model depends upon the strength 
and uniqueness of the correlation between the truth data and the proxies. The model will only be 
as accurate as the proxies allow it to be. 
 A practical (albeit fictional) example of modeling using a covariance matrix will be 
explained, in breif, in the following paragraphs. Let us imagine that a mathematical model was 
  
being developed to predict the percentage of applicants that would be admitted to the local State 
University. For the sake of argument, let us assume that for whatever reason the following three 
proxy indicators were chosen for the model: applicants‟ grade point averages (GPAs), 
applicants‟ SAT scores, and applicants‟ PSAT scores. The model was to be trained using truth 
data from the admissions office collected over the past ten years (2000-2009), and then used to 
predict which applicants would be admitted in the coming year (2010). 
 First, the data from the previous ten years would be organized into a large table. The table 
would list the average GPA, SAT score, and PSAT score, for each of the twenty years, along 
with the percentage of applicants who were admitted. The data might look something like this: 
STATE UNIVERSITY ADMISSIONS DATA: 
Year % Admitted Avg GPA (0.0-4.0) Avg SAT Score (0-2400) Avg PSAT Score (0-2400) 
2000 55 3.1 1720 1670 
2001 58 3.1 1700 1660 
2002 56 3.3 1690 1610 
2003 54 3.2 1650 1590 
2004 50 3.3 1710 1640 
2005 54 3.4 1760 1750 
2006 52 3.4 1790 1740 
2007 50 3.3 1800 1760 
2008 47 3.5 1810 1770 
2009 47 3.5 1850 1800 
From a quick look at the admissions data, we can see that a general pattern developed. 
State University seems to have been getting more selective over the past ten years, generally 
admitting a lower percentage of applicants than the years before. Presumable because of this 
increasing selectivity, accepted applicants‟ GPAs, SAT scores, and PSAT scores seem to be 
increasing each year. After calculating the covariance of each proxy in relation to both the truth 




% ADM GPA SAT PSAT 
% ADM 12.61 -0.383 -162.4 -165.7 
GPA -0.383 0.0189 6.32 6.81 
SAT -162.4 6.32 3636 4098 
PSAT -165.7 6.81 4098 4889 
 
  
Because of the strange units associated with a covariance matrix (the units of each cell 
are the product of the units of each row and column) the matrix does not lend itself to quick 
visual analysis. To gain a more intuitive understanding of how the variables are related, a 
Correlation Matrix can be used, as below (correlation is simply covariance divided by the 
product of the two variables‟ standard deviation): 
CORRELATION MATRIX 
 
% ADM GPA SAT PSAT 
%ADM 1.000 -0.785 -0.758 -0.667 
GPA -0.785 1.000 0.762 0.708 
SAT -0.758 0.762 1.000 0.972 
PSAT -0.667 0.708 0.972 1.000 
 
 From the correlation matrix we can learn a few things (much more easily). First, we can 
observe that the matrix is symmetrical (the upper-right half of the matrix displays the exact same 
data as the lower-left half) and that the correlations along the diagonal are, understandably 1.000 
(because each variable correlates exactly with itself). Second, we can see that GPA, SAT score, 
and PSAT score all share a negative correlation with % Admitted, and share a positive correlation 
with each other. Both of these facts hold true for the covariance matrix as well, but tend to be 
seen more plainly in the correlation matrix. We also learn something very interesting about the 
nature of our three proxies. While GPA, SAT score, and PSAT score all share fairly strong 
correlations with % Admitted (-0.785, -0.758, and -0.667, respectively) the three variables‟ 
uniqueness vary greatly. While GPA share a somewhat strong correlation with SAT score and 
PSAT score (0.762 and 0.708, respectively) it is noteworthy that SAT and PSAT score share an 
extremely strong correlation (0.972). Given the similarity of the two tests, this result could be 
expected in real life as well. But, more importantly, this affects the role that each proxy will play 
in our mathematical model. Although SAT and PSAT scores are both strongly correlated with % 
Admitted, they cannot be weighted as heavily as GPA because they are not as unique; both 
variables are mostly providing redundant data. 
 When data from the covariance matrix is modeled using a Multivariate Gaussian Model. 
In simple terms, the model weighs the importance of each of the three proxies based on the 
strength of their correlation with % Admitted and their uniqueness relative to the other proxies. 
After this weighting, the model provides the optimal equation for predicting the % Admitted in 
2010. The equation is explained more fully below: 
 
  
 As can be seen from the equation, each of the proxies was weighted according to its 
importance and uniqueness. According to the equation, these weights are to be multiplied by any 
increase or decrease in GPA, SAT score, or PSAT score, and then added to 52.3, which was the 
average percentage of students admitted over the last ten years. Assuming the following some 
fictional data from the 2010 applicants, the equation will predict the percentage of students 
admitted as follows: 
2010 GPA = 3.6      2010 SAT = 1880     2010 PSAT = 1820 
 
Predicted % Admitted in 2010 = 44.3% 
 It follows logically that because of the continued rise in applicants‟ GPAs, SAT scores, 
and PSAT scores, State University would continue its trend of becoming more selective. If, 
however, that trend were reversed, as in the following fictional data, the equation predicts the 
following outcome: 
2010 GPA = 3.4      2010 SAT = 1770     2010 PSAT = 1710 
 
Predicted % Admitted in 2010 = 50.0% 
 Because the of the sudden decrease in applicants‟ GPA, SAT scores, and PSAT scores, as 
outlined above, the model predicts that State University will buck its trend of becoming more 
selective in 2010, and admit 50.0% of its applicants, 3% more than were admitted in 2009. Given 
the data on which the model was based, and on human intuition concerning the data, this seems a 
very reasonable projection. 
 A very similar technique could be used to analyze Fuel Poverty. The main difference 
being that instead of analyzing a variable over time, we would be analyzing a variable across a 
space. Using the aforementioned proxies, and training a mathematical model with a given truth 
data set, one could derive a model that could predict the likelihood that houses in a given region 
would be affected by Fuel Poverty. 
  
Fuel Poverty in Worcester, MA 
 The city of Worcester, Massachusetts was used as part of a proof of concept. As of 2000, 
the city had a population of 172,648 with 70,723 different housing units (U.S. Census Bureau, 
2000). As of December, 2008, 10,091 of these households received LIHEAP Fuel Assistance 
(about 14%) according the group that manages the program, the Worcester Community Action 
Council (WCAC). Additionally, about 50-100 households have received HEARTWAP 
weatherization assistance each year since 1999 (about 1% of Worcester households, 
cumulatively). According to the U.S. Census Bureau‟s 2005 estimates, about 9.7% of residents in 
Worcester County are currently living in poverty. 
 The current median household income in Worcester County is $55,000. Average annual 
home-heating costs for a medium-sized household are projected to be about $3,000 in 2009 
(Sherman et al, 2008). For the average household this would be about 5.5% of annual income. 
For a family of four, living at the poverty line ($21,200 annual income) this average heating bill 
would amount to 14% of annual income. Effective weatherization programs can expect to save 
residents over to $200 each year in average homes (Khawaja and Koss, 2007). In low-income 
housing, the benefits are expected to be even greater. 
Chapter Summary 
 With the passing of the ARRA and other legislation, billions of dollars have been 
invested in improving building efficiency in the U.S. However, this legislation does little to 
ensure that these funds be invested efficiently and effectively. The majority of existing fuel 
assistance programs focus on increasing the supply of fuel to low-income homes, rather than 
decreasing demand. In addition, most programs divvy funds on a “first come, first served” basis. 
Given these limitations, and the pending expansion of demand-side focused assistance programs, 
it will be crucial that the areas of highest need be identified so that weatherization programs can 
best achieve their goals of conserving energy and reducing emissions.  
  
METHODOLOGY 
 The goal of our project was to design a simple yet rigorous method for mapping Fuel 
Poverty across a city or region. It was intended that our method could be a tool for local and 
regional policymakers who wish to invest money in weatherization and retrofitting more 
efficiently, based on highest need. In order to accomplish this goal, our group set three 
objectives. 
1. Data Collection: Collect data for proxy indicators as well as truth data for model 
training and analysis. 
2. Model Development: Using a Multivariate Gaussian Model, develop an equation for 
predicting Fuel Poverty based on proxy indicators. 
3. Model Evaluation: Analyze the effectiveness of the model and make suggestions for 
its improvement. 
In this chapter we will describe, discuss, and justify our approach to completing each of these 
objectives. 
Data Collection 
 In order to use a Multivariate Gaussian Model, it was necessary that we select a variable 
as an accurate indicator of Fuel Poverty (our truth data). In addition to being accurate, the 
variable needed to be continuous (rather than discrete) and available at the block group level. We 
selected The Percentage of Households Receiving LIHEAP Assistance as our variable. It was 
also necessary that we determine continuous, accurate variables for each of our proxy indicators 
that were available at the block group level. For each indicator, the data was collected from the 
2000 U.S. census. Each variable is described below: 
a) Household Income – Median household income, in USD, for each block 
group. 
b) Age of Housing – Median household age, in years, for each block group. 
c) Housing Tenure – Percent of houses that are rented, rather than owned, for 
each block group. 
d) Occupants Per Room – Average number occupants per household divided 
by average number of rooms per household. 
e) Value of Housing – Median value of household, in USD, for each block 
group. 
Values for each of the six variables (our truth data plus our five proxy indicators) for each of 
Worcester‟s 167 block groups were then arranged in a table for analysis. 
  
Model Development 
 Our model‟s purpose was to predict the incidence of fuel poverty based on each of the 
proxy indicators. Essentially, our model was to be “trained” with the census data so that it could 
accurately predict fuel poverty based on future proxy values. For each of the six variables (our 
truth data and our five proxies) covariance with each of the other five variables was analyzed. 
The results were then organized in a matrix. Using that matrix, a Multivariate Gaussian Model 
was constructed that weighted each proxy according to its strength (relative correlation to our 
truth data), uniqueness (relative correlation to the four other proxies), and units (i.e. normalizing 
proxies A and B so that the units of dollars and years are counted equally). From this model, an 
equation was produced that, given input values for our five proxies, could predict our truth 
variable (percentage of households affected by fuel poverty in a given block group). The 
equation took the following form: 
Fuel Poverty Likelihood = Μ + A (Income - μ) + B (House Age - μ) 
+ C (Percent Renters - μ) + D (Occupants/Room- μ) – E (House Value – μ) 
 This equation could then be applied to each of the 167 block groups to predict the 
incidence of Fuel Poverty based on only the census data. The key components of the equation are 
the following: 
  the average percentage of fuel poor households in the city of Worcester 
  coefficients weighting each proxy based on its strength, uniqueness, and units 
  the distance of each proxy’s value from the mean (value - µ) 
We then applied our equation to each of Worcester‟s 167 block groups and were able to produce 
a value for the “Predicted Incidence of Fuel Poverty” (the most likely percentage of households 
in each block group affected by Fuel Poverty) for each. 
Model Evaluation 
 After developing our model for Fuel Poverty, we were first able to evaluate its 
effectiveness based on a comparison with our truth data. The “Predicted Incidence of Fuel 
Poverty” was mapped (as a percentage for each block group) as was the “truth data.” These maps 
were then compared, both visually and with Residual Analysis, and key differences were 
recognized. Using knowledge of our model, knowledge of the Massachusetts LIHEAP program, 
and knowledge of the city of Worcester, these differences were analyzed in an attempt to both 
assess the model‟s effectiveness and provide speculation as to why these differences occurred. 
Also, because of the limitations associated with our truth data, a more holistic and speculative 
form of analysis was also considered. From these analyses, recommendations were made for 
refinement of the model and for further research. 
  
FINDINGS 
 In this chapter we will discuss, in detail, the accomplishment of each of our three 
objectives (data collection, model development, and model evaluation). After this discussion, we 
will then explain our findings in regard to our model‟s application to the city of Worcester. 
Please note that detailed versions of the tables and maps mentioned in this section are presented, 
in full, in the Appendices. For a discussion of our conclusions, the project‟s limitations, and 
suggestions for further research, please see the subsequent chapter, Conclusions. 
Data Collection 
 Values for each of our five proxy indicators (household income, age of housing, housing 
tenure, occupants per room, and value of housing) were gathered for each clock group from 2000 
U.S. census data. A detailed table containing the values of each variable for all 167 block groups 
can be found in Appendix A. The variable, “Percentage of Households Receiving LIHEAP 
Assistance” was chosen as our truth data. In order to calculate these values for each block group 
in Worcester, a list of the approximate addresses of all 10,091 Worcester LIHEAP clients was 
obtained from the WCAC. These addresses were then mapped spatially in the computer program 
ArcGIS, and the total number of LIHEAP clients was tallied for each of the 167 block groups. 
These values were then divided by the total number of households in each block group 
(according to the 2000 U.S. census) to obtain values for the Percentage of Households Receiving 
LIHEAP Assistance. The results are displayed in the map below. A more detailed version of the 




 In order to develop our model, each of our proxies‟ strength (relative correlation to our 
truth data) and uniqueness (relative correlation to the four other proxies) was analyzed. This 
analysis was performed with the help of a covariance matrix. For each of the six variables, 
covariance with each of the other variables was analyzed. The results are displayed in the matrix 
below (rounded to two decimal places): 
 
% Fuel Poor Income House Age % Rented Occ/Room Value 
% Fuel Poor 184.87 -12389.28 31.13 26.54 0.10 -46923.37 
Income -12389.28 232156112.50 -26209.13 -354313.01 -1182.51 229528409.98 
House Age 31.13 -26209.13 139.76 71.63 0.08 -18857.83 
% Rented 26.54 -354313.01 71.63 775.94 2.24 -318985.46 
Occ/Room 0.10 -1182.51 0.08 2.24 0.02 -1060.21 
Value -46923.37 229528409.98 -18857.83 -318985.46 -1060.21 846613269.88 
Because measures of variance are in strange units (i.e. USD·Years for Income vs. House 
Age) the results can difficult to analyze intuitively. For intuitive analysis a matrix of correlation 
can be used, as below. 
 
% Fuel Poor Income House Age % Rented Occ/Room Value 
% Fuel Poor 1.00 -0.06 0.19 0.07 0.05 -0.12 
Income -0.06 1.00 -0.15 -0.83 -0.49 0.52 
House Age 0.19 -0.15 1.00 0.22 0.04 -0.05 
% Rented 0.07 -0.83 0.22 1.00 0.51 -0.39 
Occ/Room 0.05 -0.49 0.04 0.51 1.00 -0.23 
Value -0.12 0.52 -0.05 -0.39 -0.23 1.00 
 
Using the above covariance matrix, a Multivariate Gaussian Model was constructed that 
weighted each proxy according to its strength, uniqueness, and units. From this model, an 
equation was produced that, given input values for our five proxies, could predict the percentage 
of households affected by fuel poverty in a given block group. For our data, the following 
equation was produced (rounded to two decimal places for the purpose of display): 
Fuel Poverty Likelihood = 16.98 + 5.23×10-5 (Income - μ) 
+ 0.22 (House Age - μ) + 5.90×10-3 (Percent Renters - μ) 
+ 2.60 (Occupants/Room- μ) – 5.92×10-5 (House Value – μ) 
 This equation was then applied to each of the 167 block groups (or other block groups) to 
predict the incidence of Fuel Poverty based on census data. Values for the “Predicted Incidence 
of Fuel Poverty” (the most likely percentage of households in each block group affected by Fuel 
Poverty) were obtained. Appendix B contains a detailed list of the Predicted Incidence of Fuel 
  
Poverty for each block group. The results can also be viewed in the map below. A more detailed 
version of the map can be found in Appendix B. 
 
Model Evaluation 
 The first technique used to evaluate the effectiveness of our model was simply a visual 




First, we concluded that the maps are generally very similar. The area of highest need in both 
maps spread from the center of the city to the southwest corner. Some of the more isolated areas 
of high need in the left map did not appear as needy in the right map, however. By performing a 
Residual Analysis on both maps (mapping the differences between the maps, the absolute value 
of our truth data minus our predicted data, for each block group) we observed that the differences 
tend to be rather random. No conclusions were able to be drawn from this analysis (see map 
below). 
 
 We were also able to analyze our model‟s error quantitatively, by analyzing the standard 
deviation between our truth data and the Predicted Incidence of Fuel Poverty. The standard 
deviation in this case was approximately 9.87% meaning that the predicted percentage of fuel 
poor households in each block group was within 9.87% of the true percentage about 68% of the 
time (assuming a normal distribution). This was a relatively higher standard deviation, evidence 
that our model was not as accurate as expected. However, given our model‟s tendency to predict 
conservatively, and given the scattered nature of our real-world data set, standard deviation may 
not be the best tool for analyzing our model‟s effectiveness. 
 A more holistic and speculative form of analysis was also considered to help explain 
some of the behavior of our model. We believed, for example, that it would be useful to 
determining if some of the under-predicted areas on the map (i.e. the western corner) may have 
political causes (i.e. local politicians are more active in promoting fuel assistance programs). 
However, without further research, we believe any such speculation would be unreliable. For 




 The goal of our project was to design a simple yet rigorous method for mapping Fuel 
Poverty across a city or region. Through development and testing we were able to extract some 
key findings that we hope will guide policymakers and future researchers who wish to use or 
expand upon out methodology. In general, we found our method to be effective in mapping Fuel 
Poverty across the city of Worcester. However, there were several limitations to our findings, 
and further work will be needed to develop our method into a tool that can be used by 
policymakers to guide the creation and expansion of fuel assistance programs. 
Assessing Effectiveness 
 Our method was undoubtedly effective in mapping Fuel Poverty across Worcester, but 
determining just how successful was proven to be exceedingly difficult. Our unavoidable 
decision to use the database of LIHEAP clients as our truth data left us with two questions to 
answer when determining the effectiveness of our method. 
1) How effective was our method at predicting the percentage of households in each block 
group that receive LIHEAP Fuel assistance? (In essence, “How effective were we at 
reproducing our truth data?”) 
2) How effective was our method at predicting the incidence of Fuel Poverty? (Did our 
method fall short of our truth data? Or, did it surpass it?) 
The first question was a much easier one to answer. By comparing our maps visually we 
were able to determine that they were quite similar, aside from a few significant differences in 
isolated block groups (i.e. the western corner or Worcester). Additionally, our Residual Analysis 
showed an apparently random distribution error. And although our model tended to produce 
rather conservative estimates (as with many computer models, its estimate were much less 
scattered than the real-world data) its results were generally accurate. 
 The second question, which asked how effective our model was at predicting Fuel 
Poverty, was much more difficult to answer. Remember, the truth data which we chose to 
represent the distribution of Fuel Poverty in the city of Worcester was not actually a precise 
indicator of Fuel Poverty. Our truth data was simply the percentage of households in a block 
group receiving LIHEAP fuel assistance, and did not precisely fit the definition of Fuel Poverty. 
This was important for two reasons. First, this meant that any method of assessing our method‟s 
effectiveness that used a comparison of our truth data and the Predicted Incidence of Fuel 
Poverty would be inherently flawed; our model was designed to predict Fuel Poverty, not the 
distribution of LIHEAP clients. Secondly, it meant that without further research one could not 
adequately evaluate our method‟s effectiveness. Any differences between our truth data and the 
Predicted Incidence of Fuel Poverty could have been the result of the model‟s shortcomings or 
  
the shortcomings of the LIHEAP program (it has long been acknowledged that the LIHEAP 
program has several limitations which lead to the uneven distribution of fuel assistance 
resources). 
Limitations of Our Method 
 Given our method‟s effective but less-than-stellar results, it was also prudent to assess the 
potential limitations. There were three main factors limiting the method‟s effectiveness: 
5) Weak Proxy Correlations – Our proxies‟ average correlation with our truth data was 
about 0.10. This was lower than expected. 
6) Limited Data Set for Model Training – The data set that was used to train our model (the 
city of Worcester) was relatively small, with only 167 data points (block groups). 
7) LIHEAP Distribution Not a True Measure of Fuel Poverty – Because our truth data 
was not a true measure of fuel poverty the model‟s training was less effective. Analysis 
of our model‟s effectiveness was limited because of this as well. 
8) Age of Census Data - Because the census data was almost a decade old, some changes in 
demographics may have led to inaccuracies in our model. We believe that recalibrating 
our model following the 2010 census would yield better accuracy. 
Each of these limitations led to our model being less accurate than desired. However, we believe 
our model still achieved its goal of effectively predicting the incidence of Fuel Poverty, and with 
future research and the refinement of our method, we believe that much more accurate results 
could be achieved. 
Suggestions for Future Research 
 In order to improve our model‟s accuracy, we believe our method should be refined in the 
following three ways: 
1) Increase the Number of Proxies – By increasing the number of quality proxy indicators 
our model will see increased accuracy. By definition, any proxy indicator with a 
correlation could be used to improve accuracy (with weighted Gaussian modeling, every 
little bit helps) however, proxy indicators with excessively weak correlations should be 
avoided as they may see unpredictable variation across cities, states or regions. One 
potentially important proxy indicators that were identified in later stages of our project 
include the presence of elderly residents. 
2) Expand Model Training – By expanding the data sets used for model training (i.e. 
training the model in cities with larger populations or training the model using data from 
multiple cities) the model‟s accuracy could be greatly improved. 
  
3) Thoroughly Analyze the Model’s Effectiveness – One of the most important steps in 
preparing our model to be a useful tool for policymakers is assuring its effectiveness. In 
other words, we believe that steps must be taken to prove our model‟s ability to predict 
Fuel Poverty. This could be accomplished in a number of ways, including in-person 
evaluation of high-risk areas, targeted surveys, or interviews with knowledgeable city 
employees. 
If these steps are taken, we believe our method could become a useful tool for policymakers who 
are involved in the creation or expansion of fuel assistance programs. However, before such a 
tool can be produced, our model‟s accuracy must be improved and its effectiveness must be 
proven beyond all doubt. 
As a Policy Tool 
 Given the country‟s economic state and the current environmental movement, Fuel 
Poverty is likely to become an even larger issue. With the passing of the American Recovery and 
Reinvestment Act and other legislation, large sums of money are on their way to fuel assistance 
programs all over the country. And, unlike previous programs, these programs will seek to attack 
Fuel Poverty from the demand-side, reducing the fuel requirements of low-income households 
through weatherization and retrofitting. Indeed, these programs will not only help alleviate Fuel 
Poverty, they will also conserve energy, reduce carbon emissions, and provide work in for 
contractors in a struggling economy. However, maximizing the benefit of these funds and others 
means expanding weatherization as efficiently as possible. This means that the limitations of 
“first come, first served” programming must be overcome, and highest-need areas must be 
targeted first. With further research and development, we believe that our method could provide 
an important tool for policymakers to accomplish this goal, conserving energy, reducing carbon 
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17723 30.22 45694 55 21.46 0.414 121400 30.22 
17724 3.36 47227 64 27.89 0.391 122400 3.36 
17725 10.00 57308 50 18.55 0.430 114500 10.00 
17726 13.40 45764 58 9.73 0.426 107000 13.40 
17727 18.27 41053 51 31.66 0.381 117400 18.27 
17729 13.26 51597 35 16.88 0.405 117100 13.26 
17730 11.63 36921 38 58.30 0.536 120000 11.63 
17731 7.06 37500 55 40.13 0.443 104000 7.06 
17732 14.71 74500 70 15.74 0.359 136400 14.71 
17733 18.40 52500 70 9.43 0.413 128800 18.40 
17734 1.99 50952 64 11.29 0.387 115400 1.99 
17736 11.39 44213 60 52.47 0.425 112800 11.39 
17737 3.88 40089 57 49.23 0.445 108000 3.88 
17738 5.74 51667 70 19.05 0.376 116000 5.74 
17739 6.08 51161 68 59.87 0.503 122000 6.08 
17740 16.82 51429 67 8.47 0.495 112400 16.82 
17741 10.90 40104 70 71.29 0.407 109600 10.90 
17743 3.16 41842 51 49.05 0.405 99700 3.16 
17744 4.17 21510 36 88.56 0.527 114400 4.17 
17745 27.69 59444 64 25.58 0.389 128000 27.69 
17746 29.95 41125 70 21.78 0.578 116900 29.95 
17748 28.00 43654 66 51.65 0.383 126200 28.00 
17749 27.95 36250 70 54.89 0.476 109900 27.95 
17751 4.94 28112 53 87.58 0.670 82300 4.94 
17752 2.78 45288 60 51.89 0.474 110200 2.78 
17753 23.77 33125 70 68.93 0.411 112500 23.77 
17755 2.70 48194 70 23.81 0.384 129100 2.70 
17756 4.33 25114 54 63.79 0.388 165100 4.33 
17757 3.89 81250 54 4.32 0.686 207900 3.89 
17758 11.44 81192 27 6.99 0.386 164400 11.44 
17760 6.79 66065 49 15.77 0.460 128000 6.79 
17761 34.68 62768 59 9.54 0.417 125700 34.68 
17762 20.49 57778 53 5.41 0.416 121400 20.49 
17763 19.82 47500 51 46.44 0.507 113200 19.82 
17764 28.32 64848 53 17.07 0.488 111100 28.32 
17766 2.94 91801 70 21.70 0.419 261500 2.94 
17767 20.91 59605 57 25.05 0.400 167300 20.91 
  
17768 14.24 76560 64 7.38 0.353 168800 14.24 
17769 10.21 53393 49 21.65 0.344 221000 10.21 
17771 81.51 38393 70 43.17 0.468 163800 81.51 
17772 4.20 49861 70 37.65 0.424 155200 4.20 
17773 18.73 60724 70 32.46 0.370 149800 18.73 
17775 15.20 50625 70 38.76 0.385 133300 15.20 
17776 5.52 41250 70 44.10 0.994 141800 5.52 
17777 11.98 46063 58 31.42 0.379 133800 11.98 
17778 6.67 58674 70 27.22 0.381 142000 6.67 
17780 12.62 51016 60 15.86 0.416 119400 12.62 
17781 2.92 33274 55 31.74 0.426 112600 2.92 
17782 16.78 53313 70 25.45 0.436 137300 16.78 
17784 16.06 35473 40 60.86 0.596 100200 16.06 
17785 17.82 55341 70 39.71 0.437 109200 17.82 
17786 14.23 46964 70 38.41 0.529 120000 14.23 
17787 19.96 32459 39 50.33 0.508 104800 19.96 
17788 13.29 45233 28 20.65 0.583 100000 13.29 
17790 16.29 34583 70 73.97 0.520 93300 16.29 
17791 8.04 39323 70 51.78 0.382 100200 8.04 
17792 22.20 27237 69 57.95 0.556 108200 22.20 
17793 20.32 49946 49 25.63 0.343 140900 20.32 
17795 20.19 53365 70 54.17 0.413 154800 20.19 
17796 11.35 45875 70 39.60 0.509 109000 11.35 
17797 13.53 49485 70 43.83 0.395 144900 13.53 
17799 12.50 25882 70 85.21 0.820 107800 12.50 
17800 24.52 21681 70 72.46 0.566 96600 24.52 
17801 17.87 25417 70 84.39 0.581 137500 17.87 
17802 35.29 38125 70 90.13 0.581 120800 35.29 
17803 9.27 12315 45 94.60 0.978 108900 9.27 
17804 22.78 33344 70 74.17 0.586 109500 22.78 
17806 24.84 20375 38 100.00 0.455 108400 24.84 
17808 25.13 21012 70 89.00 0.815 107000 25.13 
17809 43.88 25625 70 85.77 0.553 143100 43.88 
17810 19.75 26250 68 87.25 1.020 71000 19.75 
17811 62.58 27188 70 82.74 0.813 80300 62.58 
17812 20.22 20625 70 86.61 0.635 94000 20.22 
17814 0.44 8816 52 98.70 0.667 85000 0.44 
17815 26.67 22308 70 85.10 0.566 90900 26.67 
17816 9.01 26719 70 80.37 0.687 100000 9.01 
17817 35.01 22096 70 81.84 0.619 104800 35.01 
17818 41.34 26250 70 83.11 0.617 80800 41.34 
  
17820 43.93 11887 70 90.48 0.719 95000 43.93 
17821 0.38 25952 70 86.44 0.660 87500 0.38 
17822 21.08 17750 70 85.08 0.678 82900 21.08 
17823 2.89 20972 64 81.15 0.553 95000 2.89 
17824 11.48 14514 47 88.99 0.558 133600 11.48 
17825 3.03 42500 70 74.88 0.466 91400 3.03 
17826 5.18 21300 53 96.92 0.762 107500 5.18 
17828 0.00 17155 70 92.47 1.486 112500 0.00 
17829 1.06 25331 70 79.83 0.589 126000 1.06 
17830 11.82 16860 62 93.14 0.704 140200 11.82 
17831 3.44 21990 70 92.20 0.481 42500 3.44 
17832 12.35 31016 70 88.46 0.455 162500 12.35 
17833 35.15 48839 70 82.00 0.685 118800 35.15 
17834 26.50 26538 70 83.76 0.502 101900 26.50 
17835 14.22 15708 70 94.55 1.020 187500 14.22 
17837 12.68 28750 70 100.00 0.663 112300 12.68 
17838 23.00 23147 70 91.07 1.087 27500 23.00 
17839 15.90 25104 70 95.26 0.511 162500 15.90 
17841 4.63 21786 70 90.57 0.485 162500 4.63 
17842 10.13 26382 70 79.78 0.417 132500 10.13 
17843 0.00 9496 40 98.41 0.742 75000 0.00 
17844 7.62 19886 70 72.59 0.574 84400 7.62 
17845 22.61 24808 70 76.31 0.499 98000 22.61 
17846 1.92 14491 40 84.85 0.470 88700 1.92 
17847 5.13 30238 70 66.01 0.411 107200 5.13 
17849 13.68 28269 70 67.67 0.572 129800 13.68 
17850 48.15 24432 70 70.04 0.665 89200 48.15 
17851 20.06 26540 70 85.64 0.446 90000 20.06 
17852 8.76 20306 70 79.58 0.538 71700 8.76 
17854 1.13 12572 53 95.09 0.775 115800 1.13 
17856 37.57 29773 50 51.11 0.554 97200 37.57 
17857 4.20 63398 47 36.20 0.560 116500 4.20 
17858 17.19 46875 53 20.83 0.452 127800 17.19 
17860 17.56 11563 21 81.18 0.913 90000 17.56 
17862 6.24 16723 44 64.86 0.550 141500 6.24 
17863 8.37 39250 61 15.42 0.433 116400 8.37 
17864 16.95 40750 46 75.05 0.491 133500 16.95 
17865 10.74 34375 70 47.92 0.425 115000 10.74 
17867 10.08 36932 59 35.37 0.419 118300 10.08 
17868 40.83 52679 62 14.99 0.467 120500 40.83 
17869 0.00 40417 70 73.29 0.449 122900 0.00 
  
17870 68.81 44038 70 56.04 0.426 104400 68.81 
17872 12.41 41050 35 81.64 0.475 96300 12.41 
17873 2.96 34423 70 50.94 0.666 104900 2.96 
17874 11.65 36830 70 76.57 0.402 88500 11.65 
17876 4.10 43182 67 23.12 0.438 130500 4.10 
17877 16.88 50789 60 26.52 0.511 121000 16.88 
17878 3.14 32500 70 68.00 0.448 125300 3.14 
17879 18.88 41809 51 45.61 0.482 108400 18.88 
17880 18.81 45441 49 28.01 0.485 119100 18.81 
17882 30.95 34674 70 62.02 0.404 88100 30.95 
17883 17.27 33295 64 74.07 0.594 97700 17.27 
17884 9.31 38636 70 76.41 0.635 129800 9.31 
17885 72.69 25042 70 82.73 0.660 115000 72.69 
17886 28.16 26188 70 78.23 0.562 90600 28.16 
17887 36.82 27339 70 84.88 0.505 102400 36.82 
17889 37.55 23580 70 95.34 0.545 9999 37.55 
17890 29.09 17212 70 83.45 0.478 87500 29.09 
17892 20.70 32409 70 80.99 0.477 87900 20.70 
17893 11.51 31250 70 75.39 0.438 120600 11.51 
17894 9.09 35268 70 76.90 0.439 109200 9.09 
17895 23.81 32243 70 71.17 0.476 120500 23.81 
17896 9.92 23571 70 69.82 0.477 80200 9.92 
17898 18.11 31176 65 82.44 0.437 113900 18.11 
17899 37.54 37446 70 68.05 0.585 121100 37.54 
17900 9.71 26025 70 72.02 0.538 99400 9.71 
17901 3.60 29263 63 77.07 0.515 78200 3.60 
17903 5.00 54167 30 20.10 0.457 129000 5.00 
17904 7.43 53986 30 49.25 0.415 115200 7.43 
17905 25.53 55536 43 12.72 0.459 126300 25.53 
17906 14.81 29125 59 56.32 0.467 114300 14.81 
17907 22.98 42171 28 56.78 0.556 95900 22.98 
17909 3.73 27243 56 52.72 0.408 87200 3.73 
17910 10.18 32451 54 65.19 0.476 108100 10.18 
17911 16.12 36250 57 59.91 0.513 90000 16.12 
17912 7.82 31563 67 40.98 0.416 109700 7.82 
17913 12.11 36964 70 54.25 0.469 89000 12.11 
17915 24.00 65662 41 0.00 0.445 112500 24.00 
17917 20.78 21985 70 63.45 0.615 92200 20.78 
17918 9.89 42222 70 65.96 0.505 108700 9.89 
17919 19.34 22727 70 76.84 0.598 69100 19.34 
17920 35.42 27500 70 67.83 0.475 94600 35.42 
  
17921 34.34 21023 70 88.32 0.562 88200 34.34 
17923 16.78 42431 64 21.69 0.458 99200 16.78 
17924 10.97 45521 70 18.71 0.451 115600 10.97 
17925 27.65 48846 70 14.20 0.439 113400 27.65 
17926 22.22 49167 47 37.84 0.484 101700 22.22 
17928 22.46 36250 69 54.21 0.401 110000 22.46 




Appendix B: Detailed Maps 
 
  
 
  
  
 
 
